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BANKRUPTCY PREDICTION MODEL WITH ZETA C OPTIMAL CUT-OFF SCORE TO CORRECT TYPE I ERRORS*
Mohamad Iwan This research examines financial ratios that distinguish between bankrupt and non-bankrupt companies and make use of those distinguishing ratios to build a one-year prior to bankruptcy prediction model. This research also calculates how many times the type I error is more costly compared to the type II error. The costs of type I and type II errors (cost of misclassification errors) in conjunction to the calculation of prior probabilities of bankruptcy and non-bankruptcy are used in the calculation of the ZETA
c optimal cut-off score. The bankruptcy prediction result using ZETA c optimal cut-off score is compared to the bankruptcy prediction result using a cut-off score which does not consider neither cost of classification errors nor prior probabilities as stated by Hair et al. (1998) , and for later purposes will be referred to Hair et al. optimum 
cutting score. Comparison between the prediction results of both cut-off scores is purported to determine the better cut-off score between the two, so that the prediction result is more conservative and minimizes expected costs, which may occur from classification errors. This is the first research in Indonesia that incorporates type I and II errors and prior probabilities of bankruptcy and nonbankruptcy in the computation of the cut-off score used in performing bankruptcy prediction. Earlier researches gave the same weight between type I and II errors and prior probabilities of bankruptcy and non-bankruptcy, while this research gives a greater weigh on
type I error than that on type II error and prior probability of nonbankruptcy than that on prior probability of bankruptcy.
This research has successfully attained the following results: (1) type I error is in fact 59,83 times more costly compared to type II error, (2) 22 ratios distinguish between bankrupt and nonbankrupt groups, (3) 2 financial ratios proved to be effective in predicting bankruptcy, (4) prediction using ZETA Introduction Uncertain condition in Indonesian's economy nowadays put firms in the risk of experiencing financial distress or even bankruptcy. Prediction error towards the continuity of an entity in the future can cause severe loss. There are two types of errors that may occur, namely Type I error and Type II error. Type I error means rejecting a true null hypothesis and Type II error means fail to reject a false null hypothesis. Type I error in hypothesis testing is shown by or the level of significance. This is the probability of rejecting the true null hypothesis. Type II error is shown by b, means the probability of failing to reject a false null hypothesis. If the prediction performed is a prediction about whether a firm is to file for bankruptcy or not in the future, then Type I error can be comprehended as predicting a firm not to file for bankruptcy while in fact the firm does file for bankruptcy. Type II error on the contrary predicts a firm to file for bankruptcy while in fact the firm does not file for bankruptcy. Although both types of prediction errors inflict a certain amount of financial loss, Type I errors inflict a greater financial loss compared to that of Type II errors. Therefore, prediction requires a cutoff score, which classifies a company in to either the bankrupt group or the non-bankrupt group with a minimum cost of classification errors.
Hitherto, there are no theories that affirm definitely what financial ratios must be used in predicting bankruptcy. Ratios used in predicting bankruptcy can vary among different researches. It is merely the subjective consideration of the researcher followed by statistical verification on financial ratios applied. This research uses the formula of Altman (1977) to calculate the ZETA c optimal cut-off score. Financial ratios developed by Machfoedz (1994) are used to distinguish between bankrupt and non-bankrupt groups. The distinguishing financial ratios are eventually opted based on statistical testing to build the prediction model. The prediction model in this research is developed in the same way of Avianti (2000) by applying the two-group discriminant analysis.
A cut above or advantage of this research is that it incorporates the Type I and II errors and prior probabilities of bankruptcy and non-bankruptcy in the computation of ZETA c optimal cut-off score, thus, the prediction result is expected to be able to minimize cost incurred from classification errors compared to the prediction result using the cut-off score as the one stated in Hair et al. (1998) , and for later purposes will be referred to Hair et al. optimum cutting score.
Problem Formulation and Research Objective
This research investigates what financial ratios distinguish between bankrupt and non-bankrupt companies and makes use of those distinguishing ratios to build a one-year prior to bankruptcy prediction model. This research also calculates how many times Type I error is more costly compared to Type II error. The costs of Type I and Type II errors (cost of misclassification errors) in conjunction to the calculation of prior probabilities of bankruptcy and non-bankruptcy is used in the calculation of the ZETA c optimal cut-off score. The bankruptcy prediction result using ZETAc optimal cut-off score is then compared to the bankruptcy prediction result using Hair et al. optimum cutting score to determine the better cut-off score to apply in terms of less costly in predicting bankruptcy.
Research Limitations
Some limitations exist in this research, which are: 1. Previous researches, in general, define bankruptcy as legal bankruptcy and this definition is applied as the dependent variable (Beaver 1966 (Beaver / 1968 Altman 1968; Ohlson 1980; Zain 1994; etc) . However, this research applies the stock based insolvency definition and uses negative equity as its dependent variable (Avianti 2000) . In consequence, the term bankruptcy in this research means having a negative equity. 2. The determination of the cost of classification errors is obtained from a sample of two state owned banks (Bank BNI and Bank BRI) and two private banks (Bank Niaga and Bank Danamon) for the year of 1996, 1997, 1999, 2000 . Thus, there is a probability that the computation of the cost of classification errors does not provide external validity. 3. No hold out sample is employed in this research; hence, prediction is limited to the original sample. The reason for not employing the hold out sample is because of time con-sideration and lack of data, which until the point this research was concluded was not available.
Research Benefits
This research is deemed to have the following benefits: 1. This research is expected to become a basis to opt for the cut-off score in conducting bankruptcy prediction. 2. This research is expected to benefit stakeholders of a company in assessing and making short-term decisions regarding the company. 3. This research is expected to become a subject of information and/ or consideration for developments in further researches. 4. This research is expected to start and open a discourse of research in Indonesia regarding bankruptcy prediction that incorporates cost of classification errors and prior probabilities of bankruptcy and nonbankruptcy.
Theoretical Basis
Ratios are among the most popular and widely used tools of financial analysis (Bernstein and Wild 1998) . The result of the calculation of financial ratios obtained from a set of financial statements is able to determine the economic ability of a company (Avianti 2000) . Machfoedz (1994) in Avianti (2000) states that financial ratios can be used to predict future events by associating financial ratios with economic phenomena. Prediction is conducted to reduce future uncertainties. Financial ratios can be used to predict future bankruptcy by developing a bankruptcy prediction model. The model developed in this research is purported to represent financial conditions of companies and to predict whether companies will file for bankruptcy or not (Avianti 2000) .
Definitions of Bankruptcy
Bankruptcy can be classified into two categories -stock based insolvency and legal bankruptcy (Avianti 2000) . Previous researches apply the legal bankruptcy definition as its dependent variable. The term bankrupt in this research as in (Avianti 2000) applies the stock based insolvency definition. A company is said to be bankrupt (stock based insolvency) if it experiences lack of temporary liquidity and continues to have a larger book value of liabilities than assets, thus, the equity becomes negative (including minority interest in the subsidiary's net assets). In such a circumstance, a company is said to be bankrupt from the equity perspective (Ross et al. 1993 , and Brigham and Gapensky 1993 in Avianti 2000 . The reason why this definition is employed is that data of publicly held companies in Indonesia that are legally bankrupt are very hard to get hold of, if any. The Commerce Court in Indonesia was formed in 1998 and until the point this research was conducted, there were only very few bankruptcy appeals. Consequently, it is very difficult to find data c Optimal Cut-Off Score ... regarding companies having legally bankrupt status.
According to Act Number 4/1994 an institution is stated to be bankrupt by the judgment of court if the debtor retains two or more creditors and does not pay at least one overdue and collectible debt.
Different researchers often define the term bankruptcy differently and due to certain conditions and limitations thus the term bankrupt employed in this research is companies that have negative equities and for that reason other definitions are not cited in this research.
Previous Literature and Hypotheses Development
There have been two types of bankruptcy prediction studies. The first (e.g., Beaver 1966) looks at the relation between individual accounting numbers or ratios and bankruptcy (the univariate approach). The other uses several ratios to predict bankruptcy (the multivariate approach). The univariate approach uses one ratio at a time to predict failure. It is likely that different ratios reflect different aspects of the firm's financial position, so better predictions can be obtained by using combinations of ratios instead of one ratio. For this reason, the multivariate approach quickly supplanted the univariate approach (Watts and Zimmerman 1986) .
Several researches were conducted in the bankruptcy prediction domain (companies predicted do not include banking and financial sector companies) as the followings: Beaver (1966; 1968a; 1968b) , Altman (1968; , Altman and Lorris (1976) , Altman and McGough (1974) , Altman et al. (1977) , Deakin (1972) , Libby (1975) , Blum (1974) , Edmister (1972) , Wilcox (1973) , Moyer (1977) , Ohlson (1980) , Schiedler (1981) , Scott (1981) , Dambolena and Khoury (1980) , Zmijewski (1984) , Mensah (1983) , Gentry et al. (1987) , Barniv and Raveh (1989) , Platt and Platt (1990) , Zain (1994) , and Avianti (2000) . Beaver (1966) used the univariate approach and the main findings of the research was that accounting data in forms of financial ratios have the ability to predict failure for at least five years prior to the failure. Beaver called this approach as a profile analysis. Altman (1968) used the multivariate discriminant analysis (MDA) to predict bankruptcy. There was a limitation in Altman's model because the prediction accuracy for predictions over than two years prior to bankruptcy became awfully low compared to the prediction of one and two years prior to bankruptcy. Altman et al. (1977) also developed a bankruptcy prediction model using the MDA. One distinguishing point of this research amongst others is the determination of the cut-off score. Other bankruptcy prediction researches give the same weight between Type I and Type II errors and prior probabilities of bankruptcy and non-bankruptcy. That approach is in contrast with this research that uses the ZETA c optimal cut-off score, which gives a greater weight on Type I error than Type II error and prior probability of non bankruptcy than prior probability of bankruptcy. One of Altman's essential findings is that Type I error is 35 times more costly than Type II error. Therefore, the cut-off score must weigh Type I error and Type II error differently. Ohlson (1980) used the logistic regression analysis and developed 3 bankruptcy prediction models; prediction models for one, two, and one or two years prior to bankruptcy. The sampling method used by Ohlson (1980) was proportional with the population. Ohlson (1980) also considered the publication date of financial statements because other researches assumed that financial statements for the year of bankruptcy were published before bankruptcy filings occurred resulting in overstatement of prediction power. Avianti (2000) built bankruptcy prediction models using 3 different methods. Each method was used to build 3 bankruptcy prediction models-one year, two years, and three years prior to bankruptcy; hence, 9 models were successfully developed. The methods used to build the models were Linier Discriminant Analysis, Linier Discriminant Analysis combined with Principal Component Analysis, and Logistic Regression. Different financial ratios were employed as the predictor variables for each year and each method. Results showed that the linier discriminant model was superior to the other two methods in performing predictions for one and two years prior to bankruptcy. As for the prediction of 3 years prior to bankruptcy, the logistic regression model was superior to the other two models.
Previous researches have proven that financial ratios can be used to build a bankruptcy prediction model. It has been proven that different sets of data will result in different models (Altman 1968; Altman et al. 1977; Ohlson 1980; Avianti 2000) . Since financial ratios differ along with different researches that use different data, it is necessary here to determine what financial ratios differ from bankrupt and non-bankrupt companies according to the data used in this research (prediction can only be conducted if any characteristics of the object being predicted do exist, which in this case the objects are bankrupt and non-bankrupt companies. Thus the characteristics that are expected to differ from bankrupt and non-bankrupt companies are financial ratios of both groups). On the basis of the argument above, the following hypothesis is formulated: H 1 : Financial ratios differ between bankrupt and non-bankrupt companies. If financial ratios that distinguish between bankrupt and non-bankrupt companies exist then those financial ratios will be used to develop a oneyear prior to bankruptcy prediction model. This step is performed to further understand whether those finan-c Optimal Cut-Off Score ... Source: Zmijewski (1983, Tabel 5 and Table 6 ): pp.32-33 in Foster (1986) cial ratios can be used to predict bankruptcy beforehand. As a result the following hypothesis is formulated: H 2 : Financial ratios can be used to predict bankruptcy beforehand. Necessary to stress on are researches of Beaver (1966) , Altman (1968) , Ohlson (1980) and Avianti (2000) . Neither of those considered prior probabilities of bankruptcy and non-bankruptcy nor cost of classification errors (cost occurring from Type I and II errors). According to Zmijewski (1983) in Table 1 , if Type I error is given a greater weight than Type II error then the percentage of correctly predicting the bankrupt companies also becomes greater, while the percentage of correctly predicting the non-bankrupt companies becomes smaller. An increase of correctly predicting bankrupt companies means that the amount of companies predicted to be non-bankrupt from those companies supposed to be predicted as bankrupt companies becomes smaller. On the contrary, a decrease of correctly predicting non-bankrupt companies means that the amount of companies predicted to be bankrupt from those companies supposed to be predicted as non-bankrupt becomes greater. Thus, giving a greater weight on Type I error than Type II error will predict more companies as bankrupt companies and less companies as non-bankrupt companies. Accordingly, the following hypothesis is formulated: 
Sample Used in Determining Prior Probabilities
Prior probabilities of bankruptcy are calculated using the numbers of bankrupt companies divided by total companies listed on the Jakarta Stock Exchange for years of 1996, 1997, 1999, and 2000 , while the calculation of prior probabilities of non-bankruptcy is the numbers of non-bankrupt companies divided by total companies listed on the Jakarta Stock Exchange for years of 1996, 1997, 1999, and 2000 .
Sample Used in Calculating Cost of Classification Errors (Type I and Type II errors)
The sample of banks used in computing cost of classification errors are Bank BNI, Bank BRI, Bank Niaga, and Bank Danamon. All data used are data from years 1996, 1997, 1999, and 2000 . Assuming that banking characteristics in Indonesia are similar, the two state-owned and two privateowned banks aforementioned are expected to represent the whole banking population.
Data from year 1998 are not included in the determination of the ZETA c optimal cut-off score (calculation of prior probabilities and cost of classification errors) for the reason that in year 1998 the average credit interest rate and the Central Bank Certificate interest rate boosted very high in comparison with previous and subsequent years because of the economic crisis, thus no new loan at that time was given. The unusual high level of interest rate in year 1998 is deemed to be able to distort the calculation of ZETA c optimal cut-off score.
Identification and Operational Definition and Variables of Prediction Model
This research uses two types of variables that are dependent variables and independent variables. The depen-dent variables are categorical (nonmetric) that are bankrupt companies and non-bankrupt companies. The independent variables used are metric variables that are financial ratios used by Ou and Penman (1989) , Machfoedz (1994) , and Avianti (2000) . Listed in the Appendix 3 are the financial ratios used.
The Bankruptcy Prediction Model
The bankruptcy prediction model is built by using the two-group discriminant analysis because the dependent variables are non-metric and the independent variables are metric. H 1 is tested by performing the Wilks Lambda test, which is a test of equality of group means of financial ratios of both groups (bankrupt and non-bankrupt). This test is performed to examine whether distinguishing ratios exist between the two groups. The significance level in this research is 5 percent for the F critical value, which means that financial ratios having significance level under 5 percent are ratios that distinguish between bankrupt groups and non-bankrupt groups. If any financial ratio does have a significance value under 5 percent then a discriminant function can be developed.
Subsequently, the financial ratios that distinguish between bankrupt and non-bankrupt groups are selected to come up with the best variate (linier combination) by applying the stepwise selection algorithm. Financial ratios that constitute the best linier combination are the final financial ratios that are going to be used as independent variables in the discriminant function, which is the bankruptcy prediction model. The prediction using the discriminant function is designed to test H 2 .
Description of Hair et al. Optimum Cuting Score
A cutting score is necessary in performing prediction using discriminant analysis. A cutting score is the criterion (score) against which individual's discriminant score is judged to determine into which group the individual should be classified. Those entities whose Z scores are below this score are assigned to one group, while those whose scores are above it are classified in the other group (Hair et al. 1998 ).
According to Hair et al. (1998) , the optimal cutting score will differ depending on whether the sizes of the groups are equal or unequal. Since this research applies the matched pair sampling method by which the number of members in each group are equal thus the formula to compute the cutting score or the Hair et al. optimum cutting score is as follow: ) is computed by dividing the number of bankrupt companies with the total companies listed on JSX for each year. Prior probability of non-bankruptcy (q 2 ) is computed by dividing the number of non-bankrupt companies with the total companies for each year. Both prior probabilities of bankruptcy and non-bankruptcy are computed for years of 1996, 1997, 1999, and 2000 .
Type I error is analogous to that of an accepted loan that defaults and the Type II error to a rejected loan that would have resulted in a successful payoff. Thus, Type I and Type II errors (C 1996, 1997, 1999, and 2000) .
The ZETA c optimal cut-off score gives a greater weight on Type I error than Type II error and prior probabilities of non-bankruptcy than prior probability of bankruptcy. Type I error is given a greater weight compared to Type II error because Type I error is more costly than Type II error. Prior probability of non-bankruptcy is also given a greater weight than prior probability of bankruptcy since the prob- ability of a company to file for bankruptcy is much more smaller than the probability of a company to not file for bankruptcy. In the formula above, q 1 is multiplied by C i to incorporate the cost of Type I error with the probability of bankruptcy to understand the probability of Type I error to occur. Furthermore, q 2 is also multiplied by C ii to incorporate the cost of Type II error with the probability of non-bankruptcy to understand the probability of Type II error to occur. In view of that, ZETA c optimal cut-off score is a cutoff score used in bankruptcy prediction based on the consideration of probabilities of occurrences of Type I and II errors.
Comparison of the one-year prior to bankruptcy prediction results between predictions using Hair et al. optimum cutting score and predictions using ZETA c optimal cut-off score is designed to test H 3 . The prediction results between predictions using Hair et al. optimum cutting score and predictions using ZETA c optimal cut-off score will be different. The differences of the prediction results are difference in the occurrences of Type I and Type II errors by each prediction using different cut-off scores. Therefore, H 4 can be tested.
Research Findings
Described below are the research findings that are organized in a systematically order. The findings are described based on the steps first conducted in the research.
Test of Equality of Group Means of Financial Ratios of Both Groups (Bankrupt and Non-bankrupt)
Result of the test of equality of group means using Wilks Lambda showed that 22 financial ratios among the 47 financial ratios tested have significance levels under 5 percent as shown in Table 2 .
Based on the test result below, H 1 that indicated that distinguishing ratios exist between bankrupt and nonbankrupt groups is supported.
Stepwise Selection Algorithm
The stepwise selection algorithm is performed in order to obtain the best variate (linier combination) from the 22 distinguishing financial ratios above, which will be used in the linier discriminant function. Results of the stepwise selection algorithm showed that only two financial ratios, i.e. net worth to total assets (X 36 ) and net worth to total liabilities (X 47 ); are best to be used as independent variables in the discriminant function.
Discriminant Function Built
The Canonical Discriminant Function Coefficient obtained for the one-year prior to bankruptcy prediction can be seen in Table 3 .
The one-year prior to bankruptcy prediction model built is as follows: c Optimal Cut-Off Score ... Table 4 shows the computation of prior probability of bankruptcy (q 1 ) and prior probability of non-bankruptcy (q 2 ). Table 4 shows that prior probability of non-bankruptcy is much greater compared to prior probability of bankruptcy. There is a 5.0943 percent of probability of bankruptcy to happen, while the probability of a company to not file for bankruptcy is 94.9058 percent. Accordingly, the cost incurred by the occurrence of Type I error is 59.83 times more than the cost incurred by the occurrence of Type II error. The considerable cost that must be incurred if prediction errors occur, moreover if Type I error occurs is the reason for the determination of a new cut-off score (ZETA c optimal cut-off score). Therefore, the ZETA c optimal cut-off score, where the calculation will be elaborated below, is more tight in predicting meaning that more companies will be predicted as bankrupt while less companies will be predicted as non-bankrupt compared to the prediction result that utilizes Hair et al. optimum cutting score. In other words, prediction using ZETA c optimal cutoff score is more conservative and more cost effective compared to prediction using Hair et 1996, 1997, 1999, and 2000 is shown in Table 6 .
Based on Optimal Cut-Off Score The one year prior to the bankruptcy prediction using either Hair et al. optimum cutting score or ZETA c optimal cut-off score was performed by means of the "if function". Bankrupt companies were given a 0 (zero) code while non-bankrupt companies were given a 1 (one) code. For predictions using Hair et al. optimum cutting c Optimal Cut-Off Score ... score, the "if function" made was if the Z discriminant score of a company is smaller than -0.036 then that company will be categorized in the bankrupt group (code 0) and if incorrect will be categorized in the non-bankrupt group (code 1). As for the prediction using ZETA c optimal cut-off score the "if function" made was if the Z discriminant score of a company is smaller than 1.198 then that company will be categorized in the bankrupt group (code 0) and if incorrect will be categorized in the non-bankrupt group (code 1).
In Table 8 and 9, prediction results using Hair et al. optimum cutting score and ZETA c optimal cut-off score are shown respectively (see Appendix 1 for details of prediction results). Table 8 elucidates that 28 bankrupt companies from the overall of 29 bankrupt companies were correctly classified and 24 non-bankrupt companies from the overall of 29 nonbankrupt companies were correctly classified. Thus, the canonical linier discriminant model using Hair et al. optimum cutting score predicted bankrupt companies as many as 33 companies and non-bankrupt companies as many as 25 companies. It also can be concluded that 1 Type I error and 5 Type II errors occurred from the prediction. Table 9 elucidates that 29 bankrupt companies from the overall of 29 bankrupt companies were correctly classified and 15 non-bankrupt companies from the overall of 29 nonbankrupt companies were correctly classified. Thus, the canonical linier discriminant model using ZETA c optimal cut-off score predicted bankrupt companies as many as 43 companies and non-bankrupt companies as many as 15 companies. It also can be concluded that no Type I error and 14 Type II errors occurred from the prediction.
It is understood from the predictions in Tables 8 and Table 9 that predictions using Hair et al. optimum cutting score is more accurate than predictions using ZETA c optimal cutoff score. However, predictions using Hair et al. optimum cutting score will imperil more because by putting the same weight between Type I error and Type II error will result in the same opportunity towards the occurrence of Type I error and Type II error. Although more misclassifications were made in predictions using ZETA c optimal cut-off score, it is more safe or conservative because the chance of a certain company to be predicted as bankrupt becomes greater (from 33 companies predicted as non-bankrupt using Hair et al. optimum cutting to 43 companies predicted as bankrupt using ZETA c optimal cut-off score) and the chance of a certain company to be predicted as non-bankrupt becomes smaller (from 25 companies predicted as non-bankrupt using Hair et al. optimum cutting to 15 companies predicted as bankrupt using ZETA c optimal cutoff score).
Therefore, H 2 which stated that financial ratios could be used to predict bankruptcy before hand is supported based on both prediction results using Hair et al. optimum cutting score (28 bankrupt companies from the overall of 29 bankrupt companies were correctly predicted and 24 nonbankrupt companies from the overall of 29 non-bankrupt companies were also correctly predicted) and ZETA c optimal cut-off score (all bankrupt companies were correctly predicted and 15 non-bankrupt companies from the overall of 29 non-bankrupt companies were also correctly predicted) H 3 stated that the percentage of predicting bankrupt companies will become larger by giving a greater weight on Type I than Type II errors compared to the percentage of predicting bankrupt companies of a prediction that gives the same weight on Type I and Type II errors. Predictions using Hair et al. optimum ), and the net worth to total liabilities ratio (X 47 ). 3. Predictions using Hair et al. opti- mum cutting score correctly predicted 28 bankrupt companies from the overall of 29 bankrupt companies and 24 non-bankrupt companies from the overall of 29 nonbankrupt companies. As predictions using ZETA c optimal cut-off score correctly predicted all bankrupt companies and 15 non-bankrupt companies from the overall of 29 non-bankrupt companies. Thus, this study documents that financial ratios can be used to predict bankruptcy beforehand. 4. Predictions using ZETA c optimal cut-off score that puts a greater weight on Type I error as much as 59.83 times more costly than Type II error and a greater weight on prior probability of non-bankruptcy (94.9058%) than prior probability of bankruptcy (5.0943%) predicted bankrupt companies as many as 43 companies from the overall sample of 58 companies and predicted 15 non-bankrupt companies from the overall sample of 58 companies. The predictions using Hair et al. optimum cutting score predicted bankrupt companies as many as 33 companies from the overall sample of 58 companies and predicted 25 non-bankrupt companies from the overall sample of 58 companies.
From the one-year prior to bankruptcy prediction results, it can be concluded that the use of ZETA c optimal cut-off score although not as accurate as predictions using Hair et al. optimum cutting score is still better to use in terms of more conservative. In view of that a chance of a certain company to be predicted as bankrupt becomes greater and as non-bankrupt becomes smaller. In other words, the probability of occurrences of Type I errors are minimized. 
